The inconsistency between lithium-ion polymer battery (LiPB) cells impacts the power, durability and safety of the battery pack used in electric vehicles. Therefore, it is necessary to estimate the battery performance with good accuracy. In order to get an average cell model to represent the performance for every single cell in battery pack, a method for battery modeling using bias correction technique was proposed. In this method, the equivalent circuit model (ECM) was used as the basic model, and a novel model bias function considering the polarization effect of battery was proposed to correct the basic model. Furthermore, a Back-Propagation neural network based uncertainty quantification algorithm was proposed for constructing response surface approximate model (RSAM) of model bias function. Finally, 6 single cells in a small LiPB pack were used to verify and evaluate the proposed method. The results indicated that the proposed average cell model could be applied to every single cell in battery pack and has realized accurate terminal voltage prediction.
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Introduction
The battery system, as the energy storage and output of electric vehicles (EVs), is one of the core components of EVs. To satisfy the requirements of energy storage system in EVs, a battery system is usually composed of hundreds of cells in series and parallel. Unfortunately, the inherent inconsistent characteristics of cell parameters and uncertain operating conditions will always cause visible difference in capacity and voltage [1] , and the inconsistency can lead to the decrease of the effective battery pack capacity [2] . Thus, accurate battery performances estimation, including state-ofcharge (SOC), state-of-health (SOH), are essential for a battery management system (BMS).
However, because of the limitations of computing capabilities for BMS in EVs, it is difficult to accurately estimate the performance for each single cell in battery Paper ID: ICEIV2018-125 2 Copyright © by ICEIV pack. To achieve SOC estimations for battery pack, many efforts have been made. In some studies, the battery pack was regarded as a big cell, and the voltage and current of battery pack were used to calculate the SOC of battery pack [3] , [4] . In this method, the inconsistent characteristics in cells performance were ignored, so it cannot ensure the safety of the battery pack. Another method for battery pack's SOC estimation is based on screening process. It selects the battery cells which have similar battery capacity, resistance, et al, to construct a battery pack and then use the SOC of one cell from the pack to represent the SOC of the battery pack. Reference [5] proposed a second level screening process to select the battery cells for packaging a battery pack. However, as the batteries ages, the greater difference of cells will make the estimation error larger and larger. Dr. Chen proposed a method to estimate the SOC of battery pack based on several representative cells, such as first overdischarged cell and the first over-charged cell [6] . Dr. Liaw calculated the average SOC of battery pack [7] . Reference [2] , [8] proposed a mean-difference model which adopted a cell mean model for battery pack mean condition estimation and used a cell difference model to identify the cell differences subsequently.
A performance estimation method for battery pack based on bias correction was proposed by reference [1] , [9] . Dr. Xiong proposed a cell SoC estimation approach based on an online bias correction model, the parameters of the bias correction model were identified in real-time [1] . Dr. Xi proposed a framework to quantify battery model and parameter uncertainties, and a response surface model was constructed to quantify the model uncertainty (or model bias) [9] . However, the polarization effect of battery has not been taken into consideration when constructing the model bias. When the charge/discharge current changes abruptly, the bias function only considering SOC and current cannot accurately track the dynamic behavior of the battery.
Contribution of this paper is to proposed an average cell model with a novel bias function which can predict the terminal voltage of every cell in battery pack. The novel bias function takes the polarization effect of battery into consideration, and can track the dynamic behavior of the battery when the current changes abruptly. The proposed modeling method for the average cell model can be generalized to any order RC network.
The rest of this paper is organized as follows. Section 2 presents the experimental data used in the paper. Section 3 illustrates the method for parameters identification and parameter uncertainties quantification. Section 4 presents the model uncertainty and the bias function. Finally, conclusions are drawn in Section 5.
Experiment
The experiment platform used in this paper consists of Arbin BT2000 cycler, a thermal chamber to regulate the operation temperature, a computer to the program and store experimental data. The measurement inaccuracy of the current and voltage sensors inside the Arbin BT2000 system is less than 0.05%. Nickel-manganesecobalt oxide (NMC) battery cells were used in our study.
The basic parameters of the tested LiPB cells are listed in Table 1 .
Four battery cells, used as training cells, were connected parallel to four channels of the battery cycler. All experiments, including static capacity test, OCV-SOC test, hybrid pulse power characterization (HPPC) test, dynamic stress test (DST) and urban dynamometer driving schedule (UDDS) test, were conducted at the room temperature (25℃). Static capacity test results are shown in Table 2 with the mean (μ) and the standard deviation (σ), and OCV-SOC curve was obtained at every 10% SOC as shown in Figure 1 .
The HPPC test data was used for parameters identification and quantifying the uncertainties of parameters. Ten HPPC current and voltage profiles were given at every 10% SOC level reducing from 100% to 10%. The DST cycles and UDDS test data of four training battery cells were used for constructing the model bias function and quantifying the uncertainties of models.
Two additional battery cells were also tested under the DST cycles and UDDS test, which were used for verifying the proposed model and evaluating the accuracy. 
Parameters identification and parameter uncertainties quantification
Basic model with n-RC network
In order to estimate the battery performances, we firstly should have a basic model. The ECM is widely applied to BMS and vehicular energy management system. In the model-based state estimation methods, battery models are expressed as state equations, and ECM uses electrical circuit components to build circuit networks to describe the terminal voltage of batteries [10] . Figure 2 presents an ECM with n RC networks, named the n-RC model hereafter. The model contains three parts: i) Voltage source: it uses OCV to denote battery voltage source. ii) The equivalent ohmic resistance Ri, which represents the electrical resistance from various battery components or with the accumulation and dissipation of charge in the electrical double layer. iii) The mass transport effects and dynamic voltage performances: the elements of RD and CD are used to describe the diffusion resistance and diffusion capacitance. CDj denotes the jth equivalent diffusion capacitance and RDj denotes the jth equivalent diffusion resistance, UDj is the voltage across CDj, j = 1, 2, 3, 4, … n.
Figure 2
Schematic diagram of the n-RC ECM [11] Where iL is the load current (assumed positive for discharge, negative for charge), Ut is the terminal voltage. Electrical behavior of the n-RC battery model can be expressed by Eq. (1).
i) In case of n = 0, the n-RC model is simplified as a Rint model and model equation presented in Eq. (2), where k denotes the discretization step with a sample interval of Δt, k = 1, 2, 3, … , , ,
ii) If n ≥ 1, a discretization form of the n-RC model can be simplified by Eq. (3).
Parameters identification
In our study, time-domain parameters identification of the basic model was performed using the HPPC test data. For each battery cell, the current iL and and terminal voltage Ut tested in HPPC were taken as input parameters, and the root-mean-square error (RMSE) between the measured (Ut_test) and predicted terminal voltage (Ut_pred) was taken as the objective function, expressed as Eq. (4). The model parameters, including Ri + (charge resistance), Ri -(discharge resistance), RD and CD, were calibrated by minimizing the RMSE. (4) where N denotes the number of total data measured during the HPPC experiment, and n denotes the order of basic model.
The parameters identification of four training cells under different RC network orders (n=0~5) were conducted. For brevity, taking 1RC (Thevenin) model as an example, the identification results of four training cells are shown in Figure 3 . 
Quantification of parameter uncertainties
It is cannot be ignored that the battery cells are different from each other due to various sources of uncertainties (e.g. physical uncertainty), even if they are the same type battery and come from the same manufacturer. Physical uncertainty can be viewed as the cell-to-cell variability due to manufacturing tolerance. Correspondingly, parameter uncertainty is the reflection of the physical uncertainty in the specific battery model [9] . According to the battery model presented in section 3.1, model parameters (e.g. the equivalent ohmic resistance Ri, diffusion resistance RD, etc.) contain uncertainty due to the cell-to-cell variability and thus should be quantified appropriately.
In this study, maximum likelihood estimation (MLE) method was used to quantify the parameter uncertainties. The statistics of the random parameter is represented by the statistical parameter Θ of a candidate distribution. For example, the parameter of a normal distribution is defined as Θ = {μθ, σθ}, which includes the mean and standard deviation. Thus, Θ is the calibration parameter and needs to be identified. The statistical model calibration using MLE is formulated as Eq. (5).
where L(•) is the likelihood function; f(•) is the probability density function of Vi for a given Θ; i denotes the ith model parameter; and M is the number of available data.
A candidate distribution pool, including Normal, Lognormal, Weibull, Beta, Gamma, and Uniform, is defined and the optimal distribution is determined by the The parameter identification results of four training cells were used to quantify the parameter uncertainties. Mean and standard deviation of each parameter are calculated at every 10% SOC. Similar to the section 3.2, taking the 1RC model as an example, four model parameters were characterized as random parameters subject to normal distribution. It is necessary to mention that the model parameter uncertainties are assumed to be independent of each other.
Model uncertainty and model bias function 4.1 Model uncertainty
In our study, the average model is built on the basic model, and the system identification and parameter uncertainties quantification methods have been presented in Section 3. However, the battery model is built on the basis of many assumptions and simplifications, and there is probably no ideal model which can predict the real physical system without any model bias [9] , In other words, model uncertainty may always exist. For one specific battery cell, model uncertainty is the deterministic difference between the predicted terminal voltage and the true terminal voltage, which indicates the model inadequacy for representing the actual functional relationship under various battery operating conditions. Moreover, due to the inevitable inconsistent properties in battery pack, the average model cannot accurately track the dynamic behavior of each cell in battery pack. Therefore, for an arbitrary battery cell in pack, the uncertain difference between the predicted and the measured terminal voltage of battery cell in pack contains the uncertainties from model bias and parameter inconsistencies.
In order to reduce the uncertainty from model bias, the correction of basic model is considered. For the ECM mentioned above, a corrected model can be defined in Eq. (6) .
where δ(•) denotes the model bias function, which can also be described as the model uncertainty. The "?" means the factors that could affect the bias. As mentioned in the references [9] , [10] , these factors include SOC, charge/discharge current, maximum available capacity, etc. As we studied, the polarization voltages (UD in the n-RC model) may have great influence in the bias. In this study, Back-Propagation neural network is used to develop a RSAM for the determination of the bias function. DST and UDDS data of four training battery cells were used as training data to construct the bias function. Same with above, 1RC model is taken as an example, and the following is the comparison of the bias functions with and without consideration of the polarization voltages.
Bias function of different factors
Bias function of SOC and current -i
Firstly, considering the bias as a function of SOC and currenti as in Reference [9] and [11] , we constructed four model bias function from four training battery cells. The average bias, i.e., the mean of the bias function was obtained as shown in Figure 4 . Two additional battery cells data tested under the DST cycle and UDDS test were used for evaluating the accuracy. The RMSE and maximum absolute error (maxE) of the predicted terminal voltage is shown in Table 3 . Figure 5 shows the results of the tested terminal voltage, the terminal voltage predicted by basic model (1RC) and the terminal voltage predicted by model with bias function of (SOC, i) for #5 under UDDS test. The error comparison of basic model and corrected model is shown in Figure 6 . As Figure 6 shows, the error of the terminal voltage is reduced after correction, but there are still some obvious spikes in the error curve. The maxE for #5 under UDDS is about 65mV. Therefore, new bias function need to be sought to further reduce these error spikes.
Bias function of SOC and polarization voltages -UD
In this study, the polarization voltage of the battery was chosen as the independent variable of the bias function. Considering the bias as a function of SOC and polarization voltage -UD, we constructed four model bias function from four training battery cells. The average bias, i.e., the mean of the bias function was obtained as shown in Figure 7 . Two additional battery cells data tested under the DST cycle and UDDS test were used for evaluating the accuracy. The RMSE and maxE of the predicted terminal voltage is shown in Table 4 . Figure 8 shows the predict error of the terminal voltage from model with bias function of (SOC, UD) for #6 under UDDS test. 
Bias function of SOC, polarization voltages -UD and current -i
Considering the bias as a function of SOC, polarization -UD and currenti, we constructed four model bias function from four training battery cells. The average bias, i.e., the mean of the bias function was obtained as shown in Figure 9 . Two additional battery cells data tested under the DST cycle and UDDS test were used for evaluating the accuracy. The RMSE and maxE of the predicted terminal voltage is shown in Table 5 . Figure 10 shows the predict error of the terminal voltage from model with bias function of (SOC, UD, i) for #6 under UDDS test. 
Evaluation of corrected model accuracy under different orders
To evaluate the validity of the proposed model bias correction method for battery cell terminal voltage prediction, a comparative analysis between the basic model and corrected model under different RC model orders has been conducted accordingly. Five different bias function, which included (SOC, i), (SOC, ΣUD), (SOC, ΣUD, i), (SOC, UD1, …, UDn) and (SOC, UD1, …, UDn, i), were used to correct the 0~5 orders basic RC model. The comparative analysis of the battery cell terminal voltage RMSE under DST and UDDS are shown in Figure 11 Figure 11 indicate that:
i) The novel bias functions considering the polarization voltage show better accuracy in terminal voltage prediction than those only consider SOC and current. All the RMSE of them are less than 8mV, which are both less than the (SOC, i).
ii) The novel bias functions considering the polarization voltage show better consistency under different working conditions in terminal voltage prediction than those only consider SOC and current. The difference of RMSE under DST and UDDS for the (SOC, i) is significantly larger than the other four bias function.
iii) As the order of RC model increases, the RMSE of bias functions considering the polarization voltage decreases. Meanwhile, as the order increases, the dimension of the bias function increases as well, which will also increase the complexity of constructing the RSAM of bias function. iv) For n ≥ 2, the bias functions considering each component of the polarization voltage (UDj) show better accuracy in terminal voltage prediction than those only consider the total polarization voltage (ΣUD). Similar to the order increasing, if each component of the UD is taken into consideration, the dimension of the bias function will increase, so will the complexity of constructing the RSAM of bias function.
Conclusions
This paper has proposed an average cell model to predict the terminal voltage of every cell in battery pack for electric vehicles using bias correction method.
i) A ECM with n RC network was chosen as the basic model of the average cell, and the method for parameter identification and parameter uncertainties quantitation were proposed.
ii) In order to reduce the model uncertainty, the bias correction method was employed and a novel bias function considering the polarization effect was proposed. Then, a Back-Propagation neural network was employed to construct a response surface approximate model for the determination of the bias function.
iii) To evaluate the validity of the proposed model bias correction method, a comparative analysis between the basic model and corrected model under different RC model orders has been conducted. The results indicate that the proposed average cell model shows great accuracy in terminal voltage prediction, especially with the bias function considering polarization voltage. When a 2RC or higher order basic model is chosen and each component of the polarization voltage is considered in the bias function, the RMSE is less than 5mV.
